ABSTRACT
INTRODUCTION
Underground steel pipelines are used for the transportation of oil, gas, and hydrocarbons, among other hazardous fluids. Pipelines are protected from environmental attacks by a physical barrier (or coating) between the metal and the soil. A second form of protection is provided by sacrificial anodes or impressed currents, which displace the potential of the steel to values that are more negative than the rest potential. 1 Inspection technologies for underground pipelines have improved signal range capabilities to include variables that can estimate integrity of the structure, like environmental degradation. Most of the existing methods [2] [3] [4] to detect external corrosion are based on electrochemical concepts and have limited capabilities because they use direct current (DC) potential measurements and are limited in their range reach. Electrochemical impedance spectroscopy (EIS) is a technique that has been used in field conditions for different electrochemical systems [5] [6] [7] because of the advantages that it offers when a nondestructive, low-amplitude signal is sent through a high-resistivity media. McKubre, et al., 8 used impedance measurements and a transmission line model to successfully detect an artificial defect (10-cm 2 bare coupon) installed in a buried pipeline at a distance of 15 km. Macdonald, et al., 6 indicated that a pattern recognition algorithm could accurately assess the level of cathodic protection (CP) in the field. In this work, we used a similar approach by using impedance measurements and mathematical models, like artificial neural networks combined with transmission lines, to identify the patterns between independent and dependent experimental variables and to classify the output variables that we need to input into the algorithm to localize defects in the coating on a pipeline system that is cathodically protected. To successfully locate the defects on the pipeline coating and to estimate the severity of the defect damage by means of an ANN algorithm, the complete impedance signature is not required. Instead, key parameters, obtained from the impedance signature in the phaseangle and Nyquist diagrams, are used.
Transmission Line Model
The transmission line (TL) model assumes that the signal imposed on the pipeline using a three-electrode configuration ( Figure 1 ) can be represented by using electrical elements. [9] [10] The line transmission model also assumes that the resistivity of soil and steel pipes are homogeneous along the volume and pipe length considered; therefore, they (the resistivities) are independent of position. The electrical properties of the pipeline and the soil surrounding the pipe are assumed to be purely resistive. The coating is considered to be homogeneous. The interfacial impedances between the soil and coating and between the soil and metal (when a defect is present) are assumed to be functions of the frequency of the signal's applied perturbation. 11 McKubre, et al., 8 defined an expression in terms of electrical equivalent circuits for representing the interfacial characteristics of a metal-soil coating impedance interface. When the electrode is either in the "passive" state or when water does not diffuse at the interface metal-coating, 12 the interfacial impedance should follow the nonactive conditions, represented as Z NC , whereas Z C will represent the active or corroded surface.
Therefore, interfacial impedance, Zi, of each segment in the pipeline can be represented as having the contribution of either a nonactive state or a holiday-active condition. By means of a surface parameter, Φ 11 (Equation [1] ), the following expression is presented for the interfacial impedance for each segment of the transmission line:
where Z C and Z NC represent coating failure and defect-free, respectively. Therefore, for Φ = 0, Z NC is going to be favored, and when Φ = 1, Z C will describe the impedance characteristics of the interface at that position of the transmission line. The soil resistivity is designated by R S in Ω-cm. The metal resistivity is considered constant and is designated as R M in Ω-cm. The interfacial impedance of the coating without defects (holidays) is assumed to be a parallel resistance-capacitance (RC) circuit with R NC , the chargetransfer resistance for noncorroded interface, and C NC , the capacitance for the interface for noncorroded conditions.
When coating failure conditions occur, the process is governed by diffusion of oxygen 12 at the interface of the coating-metal. Warburg impedance expression 13 considers such diffusion conditions and includes different parameters inherent to the system of study. Under conditions of semi-infinite linear diffusion when metal substrate and the environment are in contact, the diffusional impedance, Z w , is expressed in terms of the Warburg equation as follows:
where:
where ω is the angular frequency; R is the molar gas constant; T is temperature; n is the number of electrons transferred; F is Faraday's constant; D is the diffusion coefficient for molecular species that control the process; and A is the effective electrode area 6 that is exposed to the environment (defect). The interfacial impedance of a holiday is assumed to be a parallel system with an R c , charge transfer for corroded conditions, in parallel with a serial C C , capacitance of the interface for corroded conditions, and Warburg impedance, Z w . Sensitivity analysis is performed on the calculated transmission line (TL) impedance and each one of the parameters involved. Results showed that signature weakly depends on C NC and the diffusion coefficient (Equation [3] ), D, involved in the definition of the Warburg parameter, σ. Therefore, these parameters were kept constant thereafter with a value of 9 × 10 -10 F/cm 2 for a section between two points of measurement and 1 × 10 -5 cm 2 /s, respectively. 
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Artificial Neural Network Model
Artificial neural networks (ANN) are mathematical tools that classify, organize, and characterize variables by doing simple linear algebraic operations. An ANN was trained on the data obtained on the pipe system by means of defining several variables. The ANN was trained to recognize different impedance patterns.
The input variables, like phase angle, frequency, real, and imaginary impedance, are represented and plotted in different formats. 11 Linear, logarithmic, and complex diagrams give the range and variations to be expected in the experimental variables.
EXPERIMENTAL PROCEDURES
A laboratory physical model for an underground pipeline used a steel pipeline (API 5L Grade B, 13 ft A typical three-electrode system was used for the cell formed with the buried pipeline. CP included installation of six sacrificial anodes, as described in a previous work.
11 EIS measurements were performed using a frequency response analyzer (FRA) capable of generating sinusoidal voltages having frequencies between 10 -4 Hz and 10 4 Hz for amplitude of 10 mV. The FRA was coupled with an external amplifier capable of sensing high impedance (10 12 Ω to 10 13 Ω) for the alternating current (AC) and DC measurements.
RESULTS
Figure 3(a) shows the EIS measurements at different counter and reference electrode locations for nonholiday conditions and under CP. The magnitude of the semicircle (diameter) in the Nyquist diagram below represents the average interfacial coating resistance. It is observed that its value is not sensitive to the position of the electrodes (Figure 3[a] ). Notice the impedance changes depending on the electrode locations when a defect on the coating appears ( Figure 3[b] ). The magnitude of the semicircle (diameter) in the Nyquist diagram, when a defect is present ( Figure 3[b] ), represents a combined effect (transmission line) between a RC circuit representing the interface of the coating/ground and the interface of the metal/ground at the place of the holiday (Equation [1] ). The interfacial impedance at the holiday site is not represented as a simple RC parallel circuit, but contains a diffusion-type Warburg component.
Figures 4(a) and (b) show impedance spectra for different levels of CP with no defect on the coating and one defect (holiday), respectively. The semicircle of the Nyquist diagram for a nonprotected system has a magnitude of 2.4E+06 Ω-cm 2 , and for over-cathodic conditions of 0.8E Ω-cm 2 . Accordingly, the CP is an important variable as well.
AC impedance techniques detect changes associated with one or many variables of the system. Those changes might be associated to coating failure. Transmission line modeling can be used to simulate specific experimental conditions. By fitting the theoretical generated impedance to the measured impedance, it is possible to obtain the value of those parameters that describe the problem. On the other hand, nondeterministic models like neural networks (ANN) map inputs to output parameters. By choosing the inputs as the AC impedance signatures and the outputs as the problem characteristics, the ANNmodel can be used to categorize the importance of the parameters, or, by using the impedance signatures and problem characteristics as inputs, we can obtain, as outputs, valuable information, such as level of cathodic protection, defect location, or extent of defect damage.
DISCUSSION

Transmission Line
The TL model was designed and used with equations that described the interfacial characteristics of the buried pipeline system with and without defects when subjected to CP under different soil conditions. A program that solved the set of equations for this model was used to simulate different experimental data conditions. Figure 5 shows a theoretical impedance response in complex and Bode signatures for a pipe with no holidays. Sensitivity analysis for R NC (charge-transfer resistance for no defects condition) reveals that, as this magnitude is increased, the diameter of the semicircle increases. The effect also is pronounced on the Bode plot. Figures 6 and 7 show the influence on the impedance changes when a defect is present on the coating. Figure 6 shows the results of increasing the magnitude of the sigma (which is equivalent to increasing the Warburg diffusional impedance). The impedance spectra form two semicircles in the Nyquist plot with larger real impedance at very low frequencies. Conversely, when sigma decreases, the plot describes a shorter and straighter line at 45 degrees, characteristic of a diffusion on a planar surface of an electrode at low frequencies. At low frequencies, in the Bode diagram, the increase on impedance as sigma increases is observed. Figure 7 represents the contribution of a holiday-free interface (Φ ~ 0) when the charge-transfer process controls the interfacial reactions and, in the case of a holiday present at the interface (Φ = 1), when the diffusion behavior controls the impedance. The magnitudes for Φ between zero and one can represent either a defect that increases in area or an increase in the corrosion activity of the metal surface exposed to the environment.
Figures 5 through 7 show behavioral trends calculated using the TL model. Once the trends calculated by the TL satisfy the experimental observations, the TL model was fitted to a given system, such that the parameters that are used to describe the interfacial impedance of the coating/environment and the metal/environment at a holiday can be obtained by fitting the theoretical TL impedance to the observations. The model will be acceptable to describe the system, if in a no holiday system all experimental observations can be simulated. Similar experiments of fitting the theoretical TL impedance signatures to the experimental impedance then were performed when different holiday characteristics were introduced (holidays with different areas, different positions, and different degrees of corrosion activity).
An example of the fitting is shown in Figure 8 for under-CP (-800 mV vs copper/copper sulfate [Cu/ CuSO 4 ]), 1 holiday at 3.14X position and electrodes placed (reference and counter) at the 3X position. The initial magnitudes for the fitting process were obtained from the experimental results and the original characteristics of the system, such as the resistivity of an 8-in. (20.32-cm) steel pipeline, and the capacitance of 50 mils (1.27 mm) coating enamel. Resistivity of the soil represented with R s , Wenner method, was adopted for a high-resistivity soil characteristic, such as 60,000 Ω-cm.
The initial estimation and the calculation from the fitting of the parameters used in the TL for under-CP, one holiday and 60,000 Ω-cm, are shown in Table 1 . The values in Table 1 correspond to values obtained by fitting the TL impedance to the experimental impedance obtained in the full system as described.
Experimental measurements show differences when either a pipeline has a coating defect or the positions of the electrodes respective to the holiday positions are changed. The real impedance, in a Nyquist plot, at low frequencies minus the real impedance at the highest frequency, is designated as charge-transfer resistance (R ct ). This parameter increases when the electrode position moves away from the defect, as shown in Figure 3 . In a similar way, the R ct parameter can increase or decrease with the level of CP (Figure 4 ) or coating type ( Figure 5 ). However, the information obtained from the TL, as described, will not allow making a differentiation of the origin of the variation. Different impedance representations may be required, which make the solution of the problem more time-consuming. Accordingly, neural network pattern recognition algorithm was designed and trained on the data measured on the physical pipeline prototype, such that system characteristics could be mapped to impedance signatures and vice-verse. This way, the trained system can be used to predict the pipeline's conditions. 
Predictions Using Artificial Neural Network (ANN) Modeling
The experimental work performed with the TL does not permit the assertion of the exact distance at which we could spot a defect-from the electrodes to the defect(s)-nor distinguish, from the AC impedance signatures, the level of CP. We proposed to use the short-distance-experimental AC impedance and physical data produced to train an ANN and explore its predicting capabilities to detect the level of CP, defect(s) location(s), and severity of the corrosion damage.
Any physical model used for location of defects on underground pipeline systems will have a limited capacity to detect long-distance events. That distance limitation will be dependent on the low-frequency signal's capability to travel on the pipe and still be able to return an echo signal that carries the information on any changes in the pipeline coating. The maximum reaching distance will depend strongly on the soil resistivity and the type of CP applied to the pipe system. For the range of frequency used in the present experiments (10 -3 Hz to 10 3 Hz), the variation of maximum distance as a function of maximum impedance measured (at the lowest frequency) for two different soil impedances and for under-protected conditions are shown in Figures 9 and 10 .
According to the results shown in Figures 9 and  10 , it was assumed that not having any defects on the underground pipeline coating would be equivalent to having a defect placed at 120 ft (36.57 m) from the measurement electrodes for a 20,000-Ω-cm soil resistivity. The authors used 100 ft (30.48 m) as a maximum distance to which a defect was located, instead of the 18-Km that was reported by McKubre, et al. 8 The ANN designed was a supervised backpropagation (BP) algorithm. The BP is designed as a layered system. Each layer contains neurons, and each layer is fully connected with other adjacent layers via "weights" or connections between each neuron with an assigned value. The most general type of BP, which will be capable of mapping any problem from data to results independently of the complexity of the mapping will contain one input layer, three hidden layers, and one output layer. The number of hidden layers is dictated to a certain extend by the complexity of the problem. Most of the complex problems will not require more than two hidden layers. During the learning process, the connections of neurons are assigned random weights (values) and each neuron is assigned a transfer function. During the learning process, input and output data is shown to the net, and the weights are forced to imitate the outputs given some inputs. Once the net is fully trained (error between the outputs produced by the net and measured outputs), the weights are "frozen" and they are not allowed to change. [14] [15] The key point to obtaining good and quick results is the way the input and output data is presented to the net. The authors already had decided that including full impedance signatures would not allow differentiation if the changes of impedance were due to holiday position, level of CP, or others. Accordingly, different maps of the measured data were investigated. Those different maps included parameters of the Nyquist or Bode (or both) impedance signatures. The best sets of variables to use were minimum and maximum real impedances, the interfacial capacitances and the frequencies at which they occurred in the Nyquist diagram, and the slopes in the Bode diagrams. The collection of those variables for each signature, and not the full impedance signature, were used to train the ANN. In addition to the AC impedance post-processed data, data such as soil resistivity and the four levels of CP-not protected, under-protected, protected, and fully protected (which itself can be assessed using a similar methodology 6 )-were used. The output data was established as the distance between one defect on the coating and the electrodes used to measure the impedance, the estimated area of the defects, and the estimated corrosion severity according to the physical state of the active area by using an arbitrary scale (1 to 100).
The ANN learned to make those predictions for soil resistivity in the range from 17,000 Ω-cm to 60,000 Ω-cm. The location of the holidays or defects was calculated respective to the electrodes used to collect the impedance signal. The area of the defect was assigned in cm 2 . The corrosion severity on the defect was determined on an arbitrary scale (1 to 100), where 1 will mean no corrosion, 5 will mean corrosion activity is detectable but rust is not found at the defect place, and 100 will mean damage is visible to the naked eye. Figure 11 shows the ANN predicted distance from the defect to the electrodes for experimental conditions as shown in the figure. Different scenarios are pictured: high and low soil resistivity; protected, under-protected, and overprotected systems; with coatings; and with and without defects. The ANN predictions are within a few feet of accuracy. Figures 12 and 13 show the ANN predicted defect areas and severity of corrosion for several soil resistivities and levels of CP. In Figure 12 , the nondefect system was assigned areas of defect at 0 cm 2 , while areas from 0.1 cm 2 to 10 cm 2 were used to describe holidays. The ANN predicted areas for no defect systems were in the range from 0.0001 cm 2 to 0.01 cm 2 . Figure 13 indicated the severity of the damage in an arbitrary scale (1 to 100). No defects corresponded to 1 in the 1 to 100 scale. Young defects, such as the one that was artificially created and activated, were given a value of 5 in the 1 to 100 scale.
CONCLUSIONS
❖ The TL model demonstrates that by using simple impedance interfacial characteristics of the coating/ ground and holiday/ground interfaces, it is possible to obtain the value of the passive element that describes the interfacial impedance by fitting the TL theoretical impedance to the measured AC impedance. However, given AC impedance signatures obtained on an aging system that could develop localized external corrosion sites, the TL model would not be able to differentiate if the change of impedances signatures observed comes from variations on the CP, changes in the soil resistivity, or others. Extrapolation of maximum impedance vs measured distance from defects to electrodes for an under-protected system and soil resistivity of 20,000 Ω-cm. Arrow indicates the maximum magnitude of the impedance for a nonholiday system. FIGURE 10. Extrapolation of maximum impedance vs measured distance from defects to electrodes for an under-protected system and soil resistivity of 60,000 Ω-cm. Arrow indicates the maximum magnitude of the impedance for a nonholiday system. ❖ The ANN predictive system can be designed and trained to a given pipe system and will be able to assess the origin of the change in impedance to indicate if they are due to changes in corrosion activity, and to locate the places where local corrosion activity originated. The ANN shows the capability (if trained correctly) to accurately predict the level of CP demonstrated previously, 6 to show the extent of damage, and to locate the positions of the defects on the underground pipeline system. However, the ANN system we developed will need to be improved to account for large variations in soil resistivity, multiple localized corrosion sites, and, in general, field scale conditions.
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